Vast volumes of online information related to news stories, blogs and online social media have an observable effect on investor's opinions towards financial markets. But do these particular information reflect or impact people's decisionmaking in investment? This paper investigates whether data generated from Internet usage can be used to predict the movements in the financial market. We provide evidence that data on how often a company's Wikipedia page is being viewed is linked to its subsequent performance in the stock market. We then develop a portfolio in line with the Wikipedia usages and demonstrate that our investment strategy based on Wikipedia views is profitable both financially and statistically. Our finding implies that online web data such as Wikipedia presents an alternative insights on collecting and quantifying investor's sentiments towards financial markets, which can be further employed as a timely approximation of investor's behaviours in decision-making.
INTRODUCTION
With Internet provision becoming so widespread, online resources have become the most important source of information for many people, making online users' activity a valuable dataset for understanding and measuring people's behaviour. Vast volumes of online information related to news stories, blogs and online social media have an observable effect on investor's opinions towards financial markets. However, do these particular information reflect or impact people's decision-making in investment? Some debate that it is extremely hard to "defeat the market" due to the fact that market efficiency triggers existing prices to continually incorporate and reflect all relevant information. The others claim that the online information is endogenous, and tend to ACM 978-1-4503-2138-9 be biased by nature. In spite of this there are more and more empirical evidence indicating that information requires time to diffuse and that the price effect of news events is sluggish over time [4] .
Previous studies have demonstrated the predictive power of online users' activity. [11] discovered the correlation between search volumes for certain terms on Google and the breakeout of flu infections in US. [6] provided evidence that search data can be used to predict consumer behaviour and tourism. [13] employed Wikipedia activity data to predict movie box office. This resulted in a new research direction by investigating online usage data for financial markets. [7, 8] observed that Google search volume generally is a direct measure of investor attention and sentiment. [1] applied Twitter data to predict the Dow Jones Industrial Average (DJIA) index. [16, 14] attempted to predict stock indices based on Google trend and Wikipedia activity data respectively.
In this paper we analyze the relationship between the Wikipedia activity and subsequent stock returns of individual stocks. We find the Wikipedia homepage activities of particular publicly-listed companies are directly connected with its stock's subsequent performance. We develop classifiers in accordance with each company's past returns, prices, market values, book values and Wikipedia activity. We then use these classifiers to select stocks in an effort to predict the direction of markets, i.e. going up or going down, and design portfolios accordingly. The research exhibits that we can profit 57.46% per annum from the long position, and 7.81% from the short position, while the average return of all stocks is 15.37% during the whole period. Incorporating the long and the short position, we are able to construct a zero-investment long-short strategy, with an annual return of 65.27%. We additionally provide evidence that Wikipedia activity data plays an important role in the prediction, i.e., if we exclude Wikipedia data from the classifiers, the return of the long position shrinks to 54.18% per annum, both economically and statistically significant. Therefore our finding reveals that Wikipedia generally is a timely measure for investors attention.
Our paper is closely related to but distinct from [14] which presents the correlation between the usage of financially related Wikipedia pages and future stock market movement. Their research is concentrated on the DJIA index (which consists of only 30 stocks) while ours is a comprehensive evaluation of all stocks listed on the NYSE and NASDAQ. Moreover, they only exhibit the predictive power of Wikipedia activity for the market index, but they do not explain that this predictive power cannot be absorbed by traditional risk factors, such as past returns, prices, market values and book values. We provide evidence that Wikipedia can be used to study the pricing impact of investor attention, even after controlling for the above risk factors. Additionally we observe that [5, 10] examines the impact of media on the stock market. As illustrated in subsequent sections, Wikipedia coverage is quite different from that of media.
The remaining paper is organised as follows: section 2 describes data used in this paper and relevant summary statistics; section 3 illustrates methods used in this paper; section 4 presents the result; section 5 concludes the paper.
DATA

Data Description
Stocks considered in this paper are restricted to firms listed on the NYSE and NASDAQ between 2011 and 2014, excluding closed-end funds. To remove listing and de-listing biases, we only preserve firms that are listed through the entire time period. The stock data is obtained from CRSP and the accounting data is from Compustat 1 . We keep firms that both have return and accounting data through the time period, ending up with 2756 firms.
We use a web crawler to identify each company's Wikipedia page 2 and download its traffic statistics (if the page ever exists 3 ) from http://stats.grok.se. Table 1 describes all data mentioned above. 
Summary Statistics
By the end of Dec 2014, 1596 out of 2756 firms have a Wikipedia article page. We define, wiki = log 10 (1 + wiki view). Table 2 reports summary statistics for the Wikipedia coverage. The first column specifies different values of wiki, and 0 − 1 stands for 0 ≤ wiki < 1, 1 − 2 stands for 1 ≤ wiki < 2, etc. Columns 2-5 show the (average) numbers of firms in each category of the wiki, as described above. The last row reports the average number across all years. Figure 1 plots the daily number of firms with different values of wiki.
Wikipedia coverage is relatively low (50%), compared to news media (around 70% as in [10] . There are more than one 1 Wharton Research Data Services (WRDS) was used to access the data. 2 We consider only the view data of the target pages and do not include that of the redirect pages. However, as noted in [12] , redirects can have important effects. We left this to 1 1490 1390 1365 1292  1384  1-2  752  767  765  799  771  2-3  433  505  536  581  514  3-4  79  93  88  82  85  4-5  2  1  2  2 
METHODOLOGY
In this section we construct classifiers based on each company's past returns, prices, market values, book values and Wikipedia activity. We then use these classifiers to select stocks predicted to go up or go down, and construct portfolios accordingly.
First, we define the state of a stock on day t as UP, if the daily return of that stock on day t is no less than 1%, and as DOWN, if the daily return of that stock on day t is no more than -1%, and NEUTRAL otherwise. We then try to classify the state of each stock based on the past data. The set of predictors used to predict the state on day t+1 is described in Table 3 .
We use the book value, book-to-market, past monthly return, bid/ask and price of a firm to control the pricing effect of its size, growth, momentum and liquidity, which are wellknown risk factors in the finance literature [9, 3, 15] . We use wikidiff to measure the changes in Wikipedia activity.
For every t, we try to predict the state of each stock on t+1, based on data described in Table 3 . More precisely we use data through t-39 to t as the training set, resulting in 35 training samples, and train two classifiers based the our future research. 3 We take this value as 0 if the company does not have a Wikipedia page. daily return on day t-3 return 5 daily return on day t-4 ret month last available monthly return before t bkvf last available book value before t b2m last available book-to-market value before t ask ask price in the last month end before t bid bid price in the last month end before t price close price in the last month end before t wiki 1 wiki on day t wiki 2 wiki on day t-1 wiki 3 wiki on day t-2 wiki 4 wiki on day t-3 wiki 5 wiki on day t-4 wikidiff 1 wiki 1 -wiki 2 wikidiff 2 wiki 2 -wiki 3 wikidiff 3 wiki 3 -wiki 4 wikidiff 4 wiki 4 -wiki 5
Random Forest [2] with 500 trees each. Classifier I uses all predictors but variables related to Wikipedia and represents the classifier based on the traditional data. Classifier II uses all available predictors. We then construct 5 portfolios on t+1, based on the two classifiers, as reported in Table 4 . We use the portfolio A to represent the market portfolio. Equally-weighted returns are calculated for each portfolio. As we proceed in time, we train the classifiers adaptively and rebalance the aforementioned portfolios everyday.
RESULTS
Equally-weighted returns for each portfolio are reported in Table 5 . The second column reports the average daily return, the third reports the t-statistics (p-values) and the fourth reports the (annualized) Sharpe ratio. We find that U, U W and A perform well, both economically and statistically significant. Whereas D and D W are indifferent from 0. For a better illustration, we further construct 6 more port- folios, whose performance are described in Table 6 . Portfolio U W -U means taking a long position in U W and a short position in U. The second column states the average daily return and the third reports the t-statistics (p-values).
For robustness, we also perform the Wilcoxon signed-rank test [17] and the corresponding statistics and associated pvalues are explained in the fourth column. We uncover that U W outperforms U 0.013% on average, statistical significant under both the t-test and the Wilcoxon signed-rank test 4 . This implies that Wikipedia usage pattern is helpful for predicting the individual stock movement. However, it is less useful for predicting which stock is going down, as the difference between D and D W is neglectable. We also observe that all portfolios are distinctive from the market portfolio A. If we long the U W and short the D W, we can easily construct a zero-investment long-short strategy with a daily return around 0.259%, approximately 65.27% per annum. Therefore, we believe that our classifiers are effective and Wikipedia data is beneficial in the prediction.
This result reveals different perspectives of Wikipedia data. [16, 14] demonstrates that online data can be employed to predict financial markets. However, their strategy is solely based on the online data, without any reference to the traditional data. It is unclear whether the predictive power from the online data can be absorbed by the traditional data. In contrast, our research presents evidence that Wikipedia usage pattern can be used to predict financial market movement, even after controlling for traditional data. In addition we notice that the traditional data contributes to a large proportion of the predictive power, as the difference between U and U W is somewhat small compare to the difference between U W and A. Figure 2 plots the importance of variables from the last random forest fit. The importance of variables is measured by the mean decrease in Gini index if we exclude a certain variable. Consistent with our previous analysis, traditional data is the most important one, while the changes in Wikipedia activity also improve the performance.
Furthermore we depict the partial dependence plot on the changes of Wikipedia activity in Figure 3 . The x axis is the variable for which partial dependence is sought and the y axis is the logits (i.e., log of fraction of votes) for the class UP. The results indicate that both the increase and decrease in the Wikipedia traffic can increase the probability for a stock to go up in the next day. However, since Wikipedia data is less useful when predicting which stock is going down, we are unable to make any solid conclusion on the pattern of DOWN.
CONCLUSIONS
In summary, we present evidence that data on how often a company's Wikipedia page was viewed is related to the subsequent performance of the company's stock. Our findings demonstrate that online data provides new insight in the process of investor's information gathering. By combining traditional data and large online data, we are able to gain new insight on investor's behaviour. However, despite the predictive power of Wikipedia data, it is still rather challenging to establish causal relationships between data and investor's trading choices for the reason that the views of Wikipedia page purely represent unobserved attributes of the firms that influence information diffusion and investor's choices simultaneously.
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